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Abstract
Ford, Jr., James, Michael. Ph.D. The University of Memphis. December, 2017. Revising
Middleton’s Model of Mathematics Achievement and Exploring Ethnic Differences across
White, Black, and Hispanic Adolescents. Christian Mueller, Ph. D.
For decades, the achievement gap across White, Black, and Hispanic students has yet to be
reduced, with White students consistently outperforming Black and Hispanic students on
standardized mathematics assessments (National Assessment of Educational Progress, 2017). In
order to reduce this gap, achievement motivation scholars have been studying the multifaceted
ways in which cognitive factors may influence academic outcomes, especially for students who
have traditionally been under-examined and underserved (Borman, & Overman, 2004; Borman
& Dowling, 2010). Eccles, Wigfield (e.g., Eccles, 2007; Wigfield & Eccles, 2000), and
Middleton and colleagues (Middleton, 2013; Middleton & Spanias, 1999; Middleton & Toluk,
1999) have shown that the interactions of efficacy beliefs, self-concept, and task value can have
a profound effect on academic outcomes. Using Eccles et al.’s (1983) and Middleton’s (2013)
work as a foundation, the present study set forth with two goals: 1) to expand Middleton’s model
by relying on Eccles’ work and 2) to test the model across White, Black, and Hispanic students
in order to better understand similarities and differences in how motivation functions to impact
the math performance of students within these ethnic groups. Participants were 18,214 ninthgraders in 944 schools supported by the National Center for Educational Statistics (NCES) for
goal #1 and for goal #2, 15,651 Black, Hispanic, & White adolescents of the 18,214 students
utilized in goal #1. All students were from the High School Longitudinal Study of 2009 (HSLS:
09; Ingels et al., 2011). Results showed that for goal #1 the proposed model adequately fit the
data. For goal #2, the proposed model was valid for White, Black, and Hispanic students, but
significant differences were found in how math interest and math self-efficacy influence other

ii

motivational variables across these groups of students. Results are discussed in terms of their
utility in informing educational practices, limitations, and future directions.
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1. Introduction
Despite significant progress over the past few decades, there continues to remain
significant and tangible between-group and within-group differences in math performance across
student populations within the United States (Borman and Dowling, 2010). These discrepancies
become increasingly salient as the discussion shifts toward exploring new ways of attracting and
retaining underserved students along the STEM education pipeline, and simultaneously, as ethnic
and economic diversity increase significantly in this country over the next few years. Pertinent to
the research that has been done in this area is that too often researchers have oversimplified or
misunderstood the complex interplay of demographic, personal, and environmental factors that
impact achievement and achievement-related processes among underserved student populations
(Schunk, Meece, & Pintrich, 2014). When researchers simply assume that group membership
(e.g., gender, ethnicity) can meaningfully account for different student outcomes, this ignores the
multiple roles and statuses that individuals often assume within different groups (Schunk, Meece,
& Pintrich, 2014; Tajfel & Turner, 1986).
Building on some of the ideas outlined above, several researchers in the achievement
motivation literature have been exploring how cognitive factors impact academic outcomes
among many student populations, including those that have traditionally been under-examined
and underserved (Borman, & Overman, 2004; Borman & Dowling, 2010; Martin & Marsh,
2008; Phinney, 1992; Altschul, Oyserman, & Bybee, 2006; Tajfel & Turner, 1986). More
specifically, earlier work first conducted by Eccles, Wigfield and colleagues (e.g., Eccles, 2007;
Wigfield & Eccles, 2000; Figure 1), and more recently by Middleton and colleagues (Middleton,
2013; Middleton & Spanias, 1999; Middleton & Toluk, 1999), showing that the interactions of a
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small set of carefully selected motivational variables can have a profound and collective impact
on student academic outcomes. According to Middleton (2013),
“It can be argued, therefore, that motivations serve as a lynchpin, connecting the
psychosocial baggage carried by the learner, with the instructional environment, enabling
to a great extent the potential future directions that he or she may take (Husman & Lens,
1999)” (p. 78).
In this case, Figure 2 presents the framework most recently used by Middleton and his colleagues
to depict important relationships among these factors. Further, this more recent work by
Middleton builds on original work first conducted by Eccles and Wigfield under the ExpectancyValue Theory framework, which considers not only motivational constructs but the multifaceted
influence of culture, gender, community and so forth on personal beliefs and academic outcomes.
Given the tangible gaps in academic performance across ethnicities that continue to be
prevalent year after year across the United States, it is imperative that researchers seek novel and
diverse methods to better understand the experiences of minority students. To achieve the
overarching theme of the present study, the current project is organized as such: a) expanding a
structural equation model of academic interest, utility, efficacy, self-concept, and engagement
proposed by Middleton (2013) by utilizing the same nationally representative sample and b)
comparing the expanded model across a nationally representative sample of White, Black, and
Hispanic adolescent students.
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Figure 1. Eccles et al. Model of Achievement-Related Choices.
(Eccles et al., 1983)

Figure 2. Middleton Model of Mathematics Achievement.
(Middleton, 2013)
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Literature Review
The present section begins by laying a theoretical foundation for understanding human
cognition and behavior that is pertinent to the present study. These macro-theories are Social
Cognitive Theory and the Bioecological Theory of Human Development. Next, the microtheories Expectancy-Value Theory and Middleton’s Model of Mathematics Achievement are
discussed, as well as a review of the literature associated with these theories.
Macro-Theories
Social Cognitive Theory. In the second half of the 20th century, Albert Bandura (1986)
proposed a theory of learning in which individuals gain knowledge through the balance of
external (i.e., observing others’ behaviors) and internal (i.e., mentally processing information)
forces. Specifically, Bandura’s Social Cognitive Theory (1986) states human actions are driven
by the triadic reciprocity of personal (e.g., cognitions, affect, etc.), behavioral, and
social/environmental factors. For example, personal traits and social norms interact to influence
individuals’ behaviors. In turn, the outcome of a behavior can affect one’s self-beliefs, feelings,
and the environment. For instance, a student who has little confidence in his academic ability and
perceives no value in an assignment (personal factor) may avoid studying (behavior) for an
exam, which will likely lead to a poor grade on the assignment and further decrease his academic
spirit. A key component of the theory is the notion that through “interacting with others, people
learn knowledge, skills, strategies, beliefs, rules, and attitudes” (p. 2; Schunk & Usher, 2012), as
well as emotions (Schunk, Meece, & Pintrich, 2014). Bandura (1986) had this to say of learning
“most human behavior is learned by observation through modeling” (p. 47) and “modeling is a
universalized human capacity. But what is modeled, how modeling influences are socially
structured, and the purposes they serve varies in different cultural milieus.” (p. 33). Certainly,
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simply watching someone perform a task and the outcome does not guarantee the observer will
experience a learning event. Bandura (1986) proposes that individual factors such as cognitive
capabilities, attentional processes, task interest/value, and preconceptions determine whether or
not an individual finds a model to be an adequate person from which to learn. The perceived
quality of the model is dependent upon the perception of similarities between oneself and the
model, the value one places on the model’s actions, and interestingness of the model (Bandura,
1986). Seen again here is the foundation of the theory which is that personal and environmental
factors are fundamental to human development.
According to Social Cognitive Theory, individuals learn about the appropriateness,
benefit, and cost of certain behaviors, whether through direct consequences or observing the
outcomes of others’ actions (Bandura, 1986, Schunk & Usher, 2012). The theory also takes the
view that individuals exert a certain amount of control over their thoughts, feelings, and actions,
otherwise known as agency (Schunk & Usher, 2012). Essentially, this notion suggests
individuals are “proactively engaged in their own success and development.” (p. 2; Schunk
&Usher, 2012). It would seem agency, as well as observer/model characteristics, effectively
explain individual differences in learning and growth.
The concept of agency suggests, as stated by Bandura (1986), “a great deal of human
behavior is directed” (p. 467). Humans set goals across numerous areas such as academic,
emotional, and social relationships. Regardless of the area, individuals set goals that must be
initiated and actions towards reaching said goals must be sustained in order to achieve the
desired outcome (Schunk & Usher, 2012). Goals can also be divided into either learning, or
mastery, or performance (Schunk & Usher, 2012). Learning goals are concerned with gaining
competence through mastering a task or skill, whereas performance goals are focused on task
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completion and typically attend to one’s performance in comparison to others’ (Schunk & Usher,
2012, Schunk, Meece, & Pintrich, 2014). Once individuals engage in an action, they evaluate
their performance through self-regulatory processes (Bandura, 1986). If there is a discrepancy
between performance and the desired goal, then individuals might increase their efforts or
perhaps abandon the present goal or adjust it (Schunk & Usher, 2012). Additionally, affect is
impacted in relation to perceived success and failure (Bandura, 1986). It is important to recall
that individual factors are but one piece of the puzzle because, according to Social Cognitive
Theory, goals are selected, sustained, or abandoned via the complex interaction among personal,
behavioral, and socio/environmental factors. Furthermore, culture and community play an
essential role in learning and development.
Bioecological Model of Human Development. Social Cognitive Theory still remains a
prominent learning theory, yet it is not the only theory to consider the importance of the
individual and the environment. When one is considering the impact of environmental systems
on development, such as culture, Urie Bronfenbrenner’s Bioecological Model of Human
Development (Bronfenbrenner & Morris, 2006) must be considered. Bronfenbrenner’s theory is
one of the most renowned in terms of how it describes the ways in which the individual, family,
culture, and society interact and influence development. Regarding human development,
Bronfenbrenner & Morris (2006) stated that it “takes place through processes of progressively
more complex reciprocal interaction between an active, evolving biopsychological human
organism and the persons, objects, and symbols in its immediate external environment” (p. 797),
also known as proximal processes. According to Bronfenbrenner (1979), “the ecological
environment is conceived as a set of nested structures, each inside the other” (p. 3). These
structures are described as the micro, meso, exo, macro, and chrono systems (Bronfenbrenner,

12

1986; Bronfenbrenner & Morris, 2006). Briefly, the microsystem is the environment in a
human’s life such as family, friends, teachers, and so on. The mesosystem involves the
interaction among microsystems. For example, having an argument with a loved one at home
could impact one’s motivation at school. Next are exosystems, or systems outside of an
individual’s direct proximity. An example of the impact of exosystems can be seen when a
caregiver’s social network encourages a particular disciplinary technique, which is used within
the family microsystem. The macrosystem, in its simplest form, is described as the culture in
which someone lives. This includes such constructs as socioeconomic status, ethnicity, religion,
etc. Lastly, is the chronosystem, which “focuses around a life transition.” (p. 724;
Bronfenbrenner, 1986). Bronfenbrenner proposed it is through the interdependence of these
systems that human development occurs.
The interaction of environment and person, however, is only a small portion of
Bronfenbrenner’s theory and more consistent with his earlier work (Bronfenbrenner, 1989). As
he expanded his theory to include a focus on the role an individual plays in his or her own
development, he outlined a Process-Person-Context-Time model (PPCT; Bronfenbrenner &
Morris, 2006). When considering the Process portion of the model, as previously stated,
development occurs through proximal processes, or the complex interconnection of the self and
the environment. However, characteristics of the Person, immediate and extended environmental
Contexts, and the Time period in which one exists all work together to influence development
(Bronfenbrenner & Morris, 2006). When considering the Person in development,
Bronfenbrenner and Morris (2006) had this to say, “characteristics of the person function both as
an indirect producer and as a product of development.” (p. 798). These characteristics are labeled
forces, resources, and demands (Bronfenbrenner & Morris, 2006). Forces can be described as
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behavioral dispositions that may encourage or inhibit proximal processes. Developmentally
generative dispositions are those that are considered adaptive such as engagement in activities,
interest and curiosity and so forth, whereas developmentally disruptive traits are more
maladaptive in nature (e.g., aggression, inattentiveness, avoidance tendencies, etc.).
Bronfenbrenner and Morris (2006) described two types of Person resource characteristics that
influence development: those that limit or interrupt one’s ability to development such as genetic
defects and those that are developmental assets (e.g., ability). Finally, demand traits are those
which invite or repel reactions from the environment that can facilitate or discourage processes
of growth. For example, combative interactions between a student and a teacher might cause a
teacher to limit the quality and duration of assistance given to the student. Context refers to the
nested systems in which an individual finds him or herself (i.e., micro, meso, and macrosystems).
The final concept in the PPCT model is Time. In order for proximal processes to be effective, the
reciprocal interactions must take place on a regular basis (Bronfenbrenner & Morris, 2006).
Furthermore, “proximal processes cannot function effectively in environments that are unstable
and unpredictable across space and time.” (p. 820; Bronfenbrenner & Morris, 2006). Time must
also be considered alongside Context. Since humans are nested within multiple systems, the
amount of time in which someone is exposed to factors that might encourage or discourage
development is interrelated to the micro, meso, and macrosystems. For example, infants often
interact with their primary caregivers more than adolescents simply because of the alternative
environments that are required and available to adolescents. In terms of the macrolevel, the
period of time and duration in which one exists within a culture, society, and religion, for
example, and the norms of these systems will impact individuals’ paths in life (Bronfenbrenner
& Morris, 2006). For example, research has shown deficits in resources for schools in low
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socioeconomic neighborhoods, as compared to more affluent neighborhoods, are associated with
greater school disengagement and poorer academic performance (Kurtz-Costes, Swinton, &
Skinner, 2014; Reardon, 2016). As previously mentioned, although Bronfenbrenner’s theory is
most often associated with environmental systems and how they interact, the theory also
highlights the importance of person specific factors in human development.
Clear similarities can be seen across Bandura’s Social Cognitive Theory and
Bronfenbrenner Bioecological Model of Human Development. Both theories take into account
personal traits and beliefs and the crucial import of the environment in human development.
However, Bandura seems to be attentive to the control, or agency, individuals have over their
development. Whereas, Bronfenbrenner provided a more in-depth explanation of how social
norms are transmitted across societal, cultural, familial, and individual levels. These theories
complement each other well, with one theory providing explanations for gaps in the other.
Micro-Theories
As previously discussed, the main focus of the present study is to examine the influence
of academic interest, utility, efficacy, self-concept, and engagement on math performance, with
specific attention on White, Black, and Hispanic students. Eccles and colleagues’ ExpectancyValue Theory (Wigfield, Tonks, & Kluada, 2016) and Middleton’s Model of Mathematics
Achievement (2013) are two educational theories that specifically address the antecedents and
outcomes associated with these concepts. As such, the following section will describe these
theories in detail, the correlations between each other, and their relation to the overarching Social
Cognitive Theory and Bioecological Model of Human Development theories.
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Expectancy-Value Theory. Student’s Beliefs, Values and Goals. Expectancy-Value
Theory has a rich tradition in the achievement motivation literature, and draws heavily from
work done in the area of Social Cognitive Theory (e.g., Bandura, 1986), and that of Lewin’s
level of aspiration and Atkinson’s achievement motivation (Schunk, Meece, & Pintrich, 2014).
Contemporary Expectancy-Value Theory posits that students’ achievement-related choices and
academic performance can best be explained by their task-related competency beliefs and the
extent to which a student values the activity at hand. In the present study, I draw heavily from the
dominant framework put forth by Eccles, Wigfield and their colleagues (e.g., Eccles et al., 1983;
Eccles & Wigfield, 2002). While this theory is necessarily complex, it can be broken down into
its constituent parts, especially in ways that explain or predict differential motivationperformance patterns across ethnicities.
Eccles et al.’s model of achievement-related choices (1983; Eccles, 2005) purports that
task-specific perceptions directly influence performance, persistence, and task choice. In this
model, students’ achievement-related decisions are affected by their expectations for success and
the importance or value they place on perceived and available options. Estimations of attainment
are formed over time by students’ experiences and their interpretations of those experiences. In
terms of value, multiple factors, such as beliefs and behaviors common to a specific culture or
ethnicity, intersect and overlap to shape the value students place on a particular task.
Regarding expectancies for success, Eccles and colleagues (1983; Eccles, 2005) defined
these as personal beliefs concerning how well an individual will complete a task, whether
immediate or long-term. These beliefs are fundamentally similar to Bandura’s (1986; 1997)
efficacy expectations (Eccles, O’Neill, & Wigfield, 2005). They note that one important
difference between these conceptions is that they typically measure ability beliefs at the domain-
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specific level, rather than at the task-level, such as Bandura recommends. Previous work has
shown that ability beliefs can positively or negatively affect future expectations, which in turn
influence academic performance (Eccles, 2005; Eccles, O’Neill, & Wigfield, 2005). Further,
Eccles (2005) has shown that self-efficacy has a direct impact on engagement. While the
expectancy portion of Expectancy-Value Theory is critical, subjective task value is no less
important.
The term subjective task value (e.g., Eccles et al., 1983) denotes that value-related
decision-making is often measured at a domain or task-specific level, and that the value
hierarchy is both constructivist and psychological in nature—it is shaped through individual
student’s perceptions and experiences (Schunk, Meece, & Pintrich, 2014). Eccles et al. (1983;
Eccles, 2005; Eccles, O’Neill, & Wigfield; 2005) considered subjective task value to be made up
of four elements: (1) attainment value, (2) intrinsic and interest value, (3) utility value, and (4)
perceived cost. Attainment value is defined as one’s personal importance about succeeding on
an undertaking. Taking part in a particular academic task, according to the tenets of attainment
value, allows a student to confirm or disprove his or her perception competence in a particular
domain. Intrinsic value is essentially the enjoyment a student receives, or expects to receive by
being involved in a particular task. Interest value is driven by curiosity. Utility value refers to
students’ beliefs about how well a task correlates to their current and future objectives, such as
attending college. Utility value is an example of engaging in a task, regardless of one’s interest in
it, because it can lead to the accomplishment of future goals. According to Eccles (2005), of
these three—attainment, intrinsic/interest, utility—attainment value aligns closely with
associated work on identity development, intrinsic/interest value aligns closely with work on
intrinsic motivation, and utility value aligns closely with work on extrinsic motivation. The final
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task-value, perceived cost, is defined as the negative facets of participating in a task (e.g. anxiety
prior to or post completion of a task), as well as the energy required to succeed, and the
consequences of choosing one task over another. Although some have called for researchers to
place increasingly less emphasis on exploring ethnic group variation, these differences may be
important within the context of the present study because of the importance that Eccles (2007)
placed on this aspect of the development of subjective task value. In fact, Eccles, Wigfield, and
Schiefele (1998) had this to say of the development of motivation,
Three broad sources of influence have been considered: (a) within-person changes
resulting from growth and maturation in cognitive processing, emotional development, or
other individual characteristics; (b) socially mediated developmental changes resulting
from systematic age-related changes in the social contexts children experience at home,
in school, and among peers as they grow up; and (c) socially mediated influences that
differ across individuals and contexts. These different sources often interact with one
another” (p. 1036).
Based upon these statements, one can easily see the foundations of Social Cognitive Theory and
Bioecological Theory of Human Development. Similar to how Expectancy-Value Theory sought
to expand upon these theories, Middleton and colleagues (Middleton, 2013; Middleton &
Spanias, 1999; Middleton & Toluk, 1999) took the same approach to Expectancy-Value Theory.
Middleton’s Model of Mathematics Achievement. In 1999, Middleton and Toluk began
outlining an adaptive theory of motivation which borrowed heavily from Eccles et al.’s
Expectancy-Value Theory. Although Middleton and his colleagues acknowledged the
importance of the expectancy of success, they believed there must be “some sort of inclination to
act upon the information, or value for the opportunity or what it affords, must be in place to fire
some sequence of behavior.” (p. 99; Middleton & Toluk, 1999). Middleton also maintains that
human decisions are simultaneously driven by individual and social factors, yet he admits that
his theory focuses on the influence of individuals’ cognitions. Specifically, the framework most
recently used by Middleton and his colleagues (Middleton, 2013), utilizes Eccles et al.’s
18

concepts of utility value, intrinsic value, and expectancy for success in mathematics and their
impact on math identity, engagement, and math performance. Although Eccles’ and colleagues
Expectancy-Value Theory (Wigfield, Tonks, & Kluada, 2016) and Middleton’s Model of
Mathematics Achievement (2013) hypothesize that task-specific perceptions directly influence
performance and engagement, inconsistencies exist between these models, which should be
addressed. Furthermore, Middleton pointed out that results from his model suggest “the
relatively small amount of variance accounted for by this model in predicting mathematics
achievement indicates that other, unresearched intervening variables must be acting on the
system” (p. 77; Middleton, 2013) and should be explored.
Foundation for Model Revisions
As previously noted, Middleton’s model of mathematics achievement (2013) was
informed by Eccles et al.’s model of achievement-related choices (2005). Both models posit that
one’s academic perceptions drive subsequent performance and engagement. However, several
contradictions exist between these models. Specifically, Eccles’ model postulates that a) interest,
value, and cost are influenced by one’s self-concept and b) expectations of success and interest,
value, and cost share a bidirectional link. Middleton’s model, on the other hand, proposed a
causal pathway from a) self-efficacy to identity, b) interest to achievement, utility, and selfefficacy, and c) utility to self-efficacy. In the present study, the model was designed by first
relying on Middleton’s model as the foundation and then revising the model by making
adjustments based upon Eccles et al.’s Expectancy-Value Theory, which inspired Middleton, and
empirical research.
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Purpose
The present study has several aims related to expanding Eccles and Middleton’s
foundational work in distinct, but important ways. First, perhaps most importantly, one aim in
the present study is to approach Middleton’s findings from a decidedly more empirical, rather
than theoretical/conceptual approach. Put simply, the study intends to provide additional
empirical support for Middleton’s model through use of structural equation modeling to model
the best fit of data from a nationally-representative sample of high school students. Second,
although previous studies have incorporated ethnic variation in motivation-achievement patterns
as an area of focus, none have employed multi-group structural equation modeling to explore
mutual influence across ethnic groups. This presents a significant gap for the increasing diversity
of the student population in the US, and continued under-examination of motivation-achievement
patterns in underserved populations.
Proposed Changes to Eccles’ and Middleton’s Models. Regarding the similarities and
differences between Eccles’, Middleton’s, and the proposed model, paths were added from Math
Self-Efficacy to Engagement, based upon Eccles’ (2005) claim that self-efficacy has a direct
impact on engagement, in addition to other theoretical (Bandura, 1986) and empirical evidence
(for a review, Zimmerman, 2000; Usher & Pajares, 2008). Middleton’s math Self-Efficacy to
math Identity path was retained given the strength of the standardized direct effect and the
variance explained in math Identity, as well as Bong and Skaalvik (2003) argument that selfefficacy is “an active precursor of self-concept” (p. 1) and that students’ perceptions of successes
and failures over time make up their self-concept of a particular task. A path from Math Identity
to Math Achievement, although not a part of Eccles’ model, was inserted in the present model
because as Zimmerman (2000) stated, students’ efficacy perceptions towards academic tasks
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have a profound effect on academic performance, and even a reciprocal effect can be seen
between performance and academic self-concept (Guay, Marsh, Boivin, 2003). Unlike Eccles’
and Middleton’s models, however, the proposed model excluded the paths Math Utility to
Engagement and Math Interest to Math Achievement, based upon the relatively low standardized
direct effects and variance explained found in Middleton’s model. Lastly and of import to the
present discussion of altering Eccles’ model is Wigfield, Tonks, and Klauda (2016) statement
regarding the current Expectancy-Value Model “existing constructs may need to be adapted to
better explain linkages between constructs in different cultures.” (p. 70). This particular
statement is of paramount importance in the present study, given the focus on comparing the
proposed model across multiple ethnic groups. These findings may hold more relevance for
researchers and educators, as they should provide insight as to how different student groups
function across different educational conditions.

21

2. Methodology
Methods
Sample
Participants are students from the High School Longitudinal Study of 2009 (HSLS: 09;
Ingels et al., 2011). HSLS: 09 is a longitudinal study of roughly 25,000 ninth-graders in 944
schools supported by the National Center for Educational Statistics (NCES) of the Institute of
Education Sciences, U.S. Department of Education, with additional support from the National
Science Foundation. According to the study design protocol, the participants are considered to be
a nationally representative sample, with students randomly sampled from each participating
school. Schools were selected from the 50 United States and the District of Columbia and
include public, charter, and private schools, who provided instruction to 9th and 11th grade
students. Neither students with disabilities nor English language learner students were excluded
from the sampling process. In the base year, participants completed a baseline survey online,
from which data were used for the current study, and a mathematics assessment during the 20092010 school year. The purpose of HSLS: 09 is to understand students’ paths from the beginning
of high school to higher education and/or the workforce.
In the present study, a total of 21,444 students was available for analysis (10,862 females,
10,557 males, 25 missing). However, 3,230 students who did not complete each math interest,
utility, efficacy, and identity items were eliminated from the analysis so data would not be
imputed for these variables (Kline, 2011). In total, 18,214 students were utilized in the initial
structural model analysis (9,206 females; 9,008 males; see Table 1). For the multigroup analyses
comparing students who self-identified as White, Black or Hispanic, 2,563 students were
dropped from the analysis, given that their ethnicities were not of interest in the present study
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(118 American Indian/Alaska Native, Non-Hispanic: 651 Asian, Non-Hispanic; 262 Hispanic,
No Race Specified; 1,440 More Than One Race, Non-Hispanic; 92 Native Hawaiian/Pacific
Islander, Non-Hispanic). The final number of students analyzed in the multigroup analyses was
15,651 (see Table 2; 9,706 Whites (4,810 females; 4,896 males); 2,304 Blacks (1,274 females;
1,030 males); 3,641 Hispanics (1,843 females; 1,797 males).

Table 1. Overall Sample Demographics
Variable
Gender
Males
Females
Ethnicity
America Indian/Alaska Native, non-Hispanic
Asian, non-Hispanic
Black/African-American, non-Hispanic
Hispanic, no race specified
Hispanic, race specified
More than one race, non-Hispanic
Native Hawaiian/Pacific Islander, nonHispanic
White, non-Hispanic

N

%

9,008 49.5%
9,206 50.5%
118
0.6%
651
3.6%
2,304 12.6%
262
1.4%
3,641 20%
1440 7.9%
92
0.5%
9,706 53.4%

Table 2. Multigroup Analysis Sample Demographics

Variable
Gender
Males
Females
Total

Black/AfricanAmerican, non-Hispanic
N
%
1,030
1,274
2,304

44.7%
55.3%

Hispanic,
race specified
N
%

White,
non-Hispanic
N
%

1,797 49.4% 4,896 50.4%
1,843 50.6% 4,810 49.6%
3,641
9,706
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Instruments
According to Ingels et al. (2011), the student instrument utilized for the HSLS: 09 was
created using a theoretical framework or conceptual model (see Figure 3). “The model takes the
student as the fundamental unit of analysis and attempts to identify factors such as motivation,
beliefs, and interests that lead to academic goal-setting and decision-making. It traces the many
influences (including perceived opportunities, barriers, and costs) on students’ values and
expectations that factor into their most basic education-related choices.” (p.iii; Ingels et al., 2011).
As seen in Figure 3, HSLS: 09 borrows heavily from the Expectancy-Value Theory in that
students’ expectations and values influence achievement related choices. The present study
employed four motivational and one engagement scale created by HSLS authors.

Figure 3. HSLS:09 Base-Year Student Survey Conceptual Map
(Ingles et al., 2011)

Math Identity. Two self-report statements were presented to students as the theoretical
concept of math identity. An example question is “You see yourself as a math person.” The items
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were rated on a 4-point scale (1=strongly agree to 4=strongly disagree). The scale had high
reliability (α = .84).
Math Self-Efficacy. For the construct math efficacy, four self-report items were
employed. Items include “You are confident that you can do an excellent job on tests in this
course” and “You are certain that you can master the skills being taught in this course.”
Responses were also measured on a 4-point scale (1=strongly agree to 4=strongly disagree).
Scale reliability was high at α =.90.
Math Interest. Three items were utilized to gauge students’ interest in their base-year
math course. Items were measured on a 4-point scale (1=strongly agree to 4=strongly disagree).
Responses for the following questions were reverse coded in order to match the coding scheme
across all items so that lower scores on the Math Interest scale indicate greater interest in math:
“You think class is a waste of your time; You think this class is boring.” The scale showed
moderate reliability (α =.78).
Math Utility. A total of three questions concerning students’ perception of the usefulness
of math were presented. The following is an example item: “[Math course] is useful for everyday
life.” Responses were also measured on a 4-point Likert scale (1=strongly agree to 4=strongly
disagree). Scale reliability was good α =.78.
Engagement. Four self-report items were utilized to inspect students’ engagement in
school. An example item is “How often do you go to class without your homework?” Responses
were measured on a 4-point Likert scale (1=never to 4=often). The scale had moderate reliability
(α =.67).
Math Achievement. Students were presented a 40-item, criterion-referenced mathematics
assessment to gauge their performance in Algebra. Items covered algebraic content (six domains)
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and processes (four domains). The assessment has a two-stage design. In Stage 1, 15 items are
offered to each student and used to route the student to the low, moderate, or high Stage 2 test. In
the present study, Item Response Theory (IRT) estimated number-right scores were utilized. The
choice to use this assessment score is based upon the following: a) IRT can account for student
guessing, b) IRT ignores skipped items, whereas other math scores treat these items as incorrect,
c) IRT allows one to compare scores across different levels of Stage 2 difficulties (low,
moderate, and high), and d) “IRT-estimated number-right scores are useful in identifying crosssectional differences among subgroups…” (Ingels, et al., 2011, p. 29).
Analyses
Weights. The analyses in the present study were based on weighted samples created to
“produce estimates for the target population, with appropriate standard errors” (Ingles, et al.,
2011, p. vii). According to Ingles, et al. (2011), “not all persons identified to provide contextual
information for the sampled students agreed to participate in HSLS:09. For this reason, weights
were created for analyzing HSLS:09 data that also include responses from the contextual
instruments” (p. 128). If one were to analyze HSLS data without utilizing weights, analyses “can
lead to estimated variances and confidence intervals that are too small and can, therefore, lead to
incorrectly rejecting the null hypothesis for statistical tests of differences.” (Ingles, et al., 2011,
p. 131). Ingles, et al. (2011) recommends the use of Balance Repeated Replication (BBR)
weights when conducting statistical analyses with student-level data. To this end, the studentlevel weight for first-year data were utilized to account for student nonresponse bias. Since SPSS
calculates standard errors for weighted data using population size instead of sample size, the
weight will be normalized and divided by the design effect (Ingles, et al., 2011). This resulted in
the correlation matrix in Table 33.
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Table 3. Correlation Matrix for Proposed Model
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Measurement & Structural Models. A confirmatory factor analysis (CFA) was used to
test the suitability of the present study’s measurement model (see Figure 4). Once a suitable
measurement model was found, using Middleton’s model (2013) as a foundation, Eccles et al.’s
(1983) model was consulted as a guide for modifications, which led to the structural model
created for the present study (see Figure 5).

Figure 4. Proposed Measurement Model.

Figure 5. Proposed Structural Model.
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The model was designed using all HSLS participants with one exogenous variable (Math
Interest) and five endogenous variables (Math Utility, Engagement, Math Self-Efficacy, Math
Identity, and Math Achievement), with Math Utility, Engagement, Math Self-Efficacy, and Math
Identity serving as mediating constructs. Measurement and structural models were estimated
using the maximum likelihood method in AMOS 22 and assessed based upon chi-square test,
standardized root-mean-square (SRMR), root-mean-square error of approximation (RMSEA),
and comparative fit indices (CFI). Values were evaluated on CFI greater than .95, SRMR less
than or equal to .09, and RMSEA less than or equal to .06, with an upper bound confidence
interval less than .10, as suggested by Hu and Bentler (1999) and Hooper, Coughlan, and Mullen
(2008).
Multigroup Analyses. For the multigroup analysis, the structural model tested for the
present study was utilized and assessed across only respondents who self-reported as White,
Black, or Hispanic (see Table 4 Table 55, and Table 66 for correlation matrices). As is the case
with the measurement and structural model analysis, the multigroup analyses were performed
using the maximum likelihood method in AMOS 22 and the resulting models will be assessed
based upon chi-square difference tests, standardized root-mean-square (SRMR), root-meansquare error of approximation (RMSEA), and comparative fit indices (CFI). Values were
evaluated on CFI greater than .95, SRMR less than or equal to .09, and RMSEA less than or
equal to .06, with an upper bound confidence interval less than .10, as suggested by Hu and
Bentler (1999) and Hooper, Coughlan, and Mullen (2008).
Multigroup analysis allowed for testing whether the influence of motivation and
engagement on math performance differs based upon one’s ethnicity (White, Black, or
Hispanic). To assess differences, a series of constraints were applied to each structural path
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across each ethnicity whereby initially each model was allowed to vary (unconstrained) and
ending with all aspects of each model being held equal. If model fit decreased, then further
analyses were conducted to determine where differences may exist. The relatively small number
of Asian students (n= 651; 3.6%) as compared to the other three groups led to their exclusion in
the multi-group analysis.
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Table 4. Correlation Matrix for White Students
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Table 5. Correlation Matrix for Black Students
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Table 6. Correlation Matrix for Hispanic Students
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3. Results
Verification of Data-Related Assumptions
Prior to conducting structural equation modeling, as recommended by Kline (2011), data
assumptions regarding observed variables were tested. These assumptions are as follows: 1)
observations or scores are independent, 2) there are no missing values, 3) endogenous variables
have multivariate normality, and 4) measurement error does not exist for exogenous variables. In
terms of independence, as described in Chapter 2 Ingles, et al. (2011) described the sampling
procedure whereby students were randomly selected from participating schools, thus ensuring
independent observations. Missing values were addressed at the outset of data preparation by
removing students with missing data. To test multivariate normality, an analysis of univariate
normality was performed. As seen in Table 77, all skewness and kurtosis values were within
acceptable ranges, with no variable exceeding plus or minus two (Malone & Lubansky, 2012).
Additionally, bivariate correlations were evaluated to assess linearity. Significant correlations
ranged from -.35 to .72 (see Chapter 2, Table 3). All scales showed moderate to high reliability
ranging from α =.67 to .90.
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Table 7. Univariate Analysis Results
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Measurement Model
Prior to testing the structural model, confirmatory factor analysis (CFA) was used to test
the suitability of the present study’s measurement model. As previously discussed, all models
were estimated using the maximum likelihood method in AMOS 22 and assessed based upon
chi-square test, standardized root-mean-square (SRMR), root-mean-square error of
approximation (RMSEA), and comparative fit indices (CFI). Values were evaluated on CFI
greater than .95, SRMR less than or equal to .09, and RMSEA less than or equal to .06, with an
upper bound confidence interval less than .10, as suggested by Hooper, Coughlan, and Mullen
(2008).
The design of the CFA model was based upon the items available and, as previously
discussed, their similarities to other pre-existing Expectancy-Value Theory constructs (Eccles et
al., 1983; Eccles & Wigfield, 2002; Middleton, 2013). The CFA model consisted of five latent
factors and 15 observed variables. The Math Identity construct was comprised of two loadings,
.81 and .89, concerning students’ perception of being considered a math person. The Math SelfEfficacy latent factor consisted of four loadings ranging from .78 to .86 regarding students’
confidence in their ability to understand and excel in math. Students’ interest in their math course
was measured using three items ranging from .67 to .81 and created the latent construct Math
Interest. The fourth latent factor, Math Utility, includes three questions aimed at measuring
students’ beliefs about the usefulness of math in their life, with loadings from.69 to .83. The final
latent factor, Engagement, consisted of four items with factor loadings ranging from .45 to .65
regarding students’ engagement in school (see Figure 6). Utilizing AMOS software, a suitable fit
to the data was observed, χ2 (94, N = 18,214) = 4240.557, p < .001; RMSEA = .05 (confidence
interval [CI] upper bound = .05 and lower bound = .05), TLI .96, and CFI = .97 (see Table 8).
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All factor loadings for Math Interest, Utility, Self-Efficacy, and Identity were within the
moderate to good range, while loadings for Engagement, although much lower, fell within an
acceptable range for social scientific studies (Matsunaga, 2010). Finally, all loadings were
significant.

Figure 6. Measurement Model.

Structural Model
The structural model contained one exogenous variable (Math Interest) and five
endogenous variables (Math Utility, Engagement, Math Self-Efficacy, Math Identity, and Math
Achievement), with Math Utility, Engagement, Math Self-Efficacy, and Math Identity serving as
mediating constructs (see Figure 7). Utilizing AMOS software, a suitable fit to the data was
observed, χ2 (112, N = 18,214) = 6,447.517, p < .001; RMSEA = .06 (confidence interval [CI]
upper bound = .06 and lower bound = .06), TLI .94, and CFI = .95 (see Table 8). As previously
discussed, the item scales for Math Interest, Utility, Efficacy, Identity and Engagement are 1=
strongly agree to 4=strongly disagree, which indicates that lower scores on these items translates
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to more adaptive thinking in these areas. Whereas the Math Achievement scales are inverse to
these constructs meaning that higher scores on the assessment are associated with better
performance. Lastly, all paths in the model were significant.

Table 8. Measurement and Structural Model Results
Model
Measurement
Model
Structural
Model

RMSEA
.049
.056

RMSEA

CFI NFI TLI NPAR
DF
P

[90% CI]
/DF
(.048,
.050)
.97 .97 .96
42
4240.56 94 <.01 45.11
(.055,
.057)
.95 .95 .94
25
6447.52 112 <.01 57.57

Figure 7. Structural Model.

In terms of direct effects, Math Interest had positive, significant effects on Math Utility
(.54), Math Self-Efficacy (.55), and Engagement (.24), meaning more interest in math lead to an
increased value in math, higher perceptions of self-efficacy in math, and higher levels of
engagement in school. Math Utility directly impacted Math Self-Efficacy (.13) indicating that
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higher levels of math value lead to higher levels of self-efficacy. Similarly, Math Self-Efficacy
had a positive impact on Engagement (.15). Math Self-Efficacy also had a positive direct effect
on Math Identity (.68), meaning more efficacious beliefs translated into higher perceptions of
one’s math self-concept. Finally, Math Identity (-.39) and Engagement (-.15) inversely relate to
math assessment scores, suggesting that a higher sense of math identity and greater levels of
student engagement translated to better performance on the math assessment. Overall, 19% of
the variance in math performance was explained by math interest, utility, efficacy, and identity
and student engagement.
Multigroup Analyses
For the multigroup analysis, only respondents who self-reported as White, Black, or
Hispanic were included in the analyses. As was the case with the structural model analysis, the
multigroup analyses were performed using the maximum likelihood method in AMOS 22 and
the resulting models were assessed based upon chi-square difference tests, standardized rootmean-square (SRMR), root-mean-square error of approximation (RMSEA), and comparative fit
indices (CFI). Values were evaluated on CFI greater than .95, SRMR less than or equal to .09,
and RMSEA less than or equal to .06, with an upper bound confidence interval less than .10, as
suggested by Hooper, Coughlan, and Mullen (2008). Prior to conducting the multigroup analysis,
an analysis of univariate normality was performed for each ethnic group. As seen in Table 9,
Table 10, and Table 11, all skewness and kurtosis values were within acceptable ranges, with no
variable exceeding plus or minus two (Malone & Lubansky, 2012).
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Table 9 Univariate Analysis Results for Black Students
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Table 10: Univariate Analysis Results for Hispanic Students
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Table 11: Univariate Analysis Results for White Students
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Multigroup analysis allowed for testing whether the influence of motivation and
engagement on math performance differed based upon one’s ethnicity (White, Black, or
Hispanic). To assess differences, a series of constraints were applied to each structural path
across each ethnicity whereby initially each model is allowed to vary (unconstrained) and ending
with all aspects of each model being held equal. Using similar procedures and applications
applied by Byrne (2006), Kline (2011), and In’nami and Koizumi (2012), results of the
multigroup analyses indicated model fit worsened with each constraint, and led to the decision to
investigate differences seen across structural weights (i.e. pathways between latent variables; see
Table 1212) for the three groups.
To investigate significant differences for the model pathways among White, Black, or
Hispanic students, a total of eight subsequent analyses were conducted where all measurement
weights and intercepts and one path between latent variables were held equal across groups,
while all other paths were allowed to vary. Next, a series of chi-squared difference tests were
performed between the initial structural weights model and each of these 8 subsequent models to
determine which pathways contributed to the poorer model fit of the structural weights model.
These analyses provided evidence of significant differences across ethnicities for the pathways
Math Interest to Math Utility and Math Self-Efficacy to Math Identity (see Table 13 and Figure
8). All remaining pathways did not differ significantly.
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Table 12. Multigroup Model Results
Model
Unconstrained
Measurement weights
Measurement intercepts
Structural weights
Structural covariances
Structural residuals
Measurement residuals

RMSEA
.034
.033
.036
.036
.036
.035
.036

RMSEA
[90% CI]
(.033, .035)
(.032, .034)
(.036, .037)
(.035, .036)
(.035, .036)
(.035, .036)
(.035, .036)

CFI
.95
.94
.93
.93
.93
.93
.92

NFI
.94
.94
.92
.92
.92
.92
.92

TLI
.93
.94
.93
.93
.93
.93
.93

NPAR
174
148
114
102
100
92
58


6429.25
6595.12
8508.86
8564.26
8569.33
8646.60
9536.36

DF
336
362
396
408
410
418
452

P
<.01
<.01
<.01
<.01
<.01
<.01
<.01

 /DF
19.14
18.22
21.49
20.99
20.90
20.69
21.10

Table 13. Multigroup Structural Analyses Results
Model

RMSEA
.056

RMSEA
[90% CI]
(.055, .057)

CFI
.95

NFI
.95

Structural Model
Math Interest to Math
.036
(.035, .037)
.93 .92
Utility*
Math Interest to
.036
(.035, .037)
.93 .92
Engagement
Math Interest to Math
.036
(.035, .037)
.93 .92
Self-Efficacy
Math Utility to Math
.036
(.035, .037)
.93 .92
Self-Efficacy
Math Self-Efficacy to
.036
(.035, .037)
.93 .92
Engagement
Math Self-Efficacy to
.036
(.035, .037)
.93 .92
Math Identity*
Math Identity to Math
.036
(.036, .037)
.93 .92
Achievement
Engagement to Math
.036
(.036, .037)
.93 .92
Achievement
*Significantly different across White, Black, and Hispanic models.
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TLI
.94

NPAR
25


6447.52

DF
112

P
<.01


/DF
57.57

.93

112

8532.27

398

<.01

21.44

.93

112

8510.40

398

<.01

21.38

.93

112

8513.12

398

<.01

21.40

.93

112

8510.30

398

<.01

21.38

.93

112

8512.44

398

<.01

21.39

.93

112

8525.68

398

<.01

21.42

.93

114

8508.86

396

<.01

21.49

.93

114

8508.86

396

<.01

21.49

Figure 8. Multigroup Model.
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4. Discussion
Conclusions
On December 10, 2015, President Obama signed the Every Student Succeeds Act
(ESSA). The act served as a revision to the No Child Left Behind (NCLB) Act of 2002, which
“shined a light on where students were making progress and where they needed additional
support, regardless of race, income, zip code, disability, home language, or background.” (U.S.
Department of Education, 2017). A major crux of ESSA was the perception that NCLB did not
adequately uphold critical protections for America's disadvantaged youth. This perception
appears to be at least partially supported by the relationship between school district
socioeconomic status, race, and academic achievement (Reardon, 2016), which may help explain
the ongoing achievement gap among Black, Hispanic, and White American students (National
Center for Educational Statistics, 2017). It is clear that there is a disparity in the academic
performance of Black, Hispanic, and White students on national standardized tests; however,
eradicating the gap has proven to be elusive. Many scholars in the field of academic motivation
posit that in order to eliminate this gap researchers should attend to how psychological factors
such as interest, value, efficacy, and self-concept influence the academic outcomes of
traditionally underserved populations (Borman & Dowling, 2010; Martin & Marsh, 2008;
Phinney, 1992; Altschul, Oyserman, & Bybee, 2006; Wigfield, Tonks, & Klauda, 2016; Eccles
& Roeser, 2010; Safavian & Conley, 2016). The present study sought to partially address this
goal by expanding a model proposed by Middleton (2013) by employing tenets of ExpectancyValue Theory and comparing the expanded model across a nationally representative sample of
White, Black, and Hispanic adolescent students. Results from the present study provide unique
insights into the strengths of Middleton’s model, areas for improvement, and the similarities and
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differences in motivation across White, Black, and Hispanic students, which might be
understood through the lens of Social Cognitive Theory and the Bioecological Theory of Human
Development.
Eccles’ model of achievement-related choices (2005) and Middleton’s model of
mathematics achievement (2013) hypothesize that task-specific perceptions directly influence
performance and engagement. Yet, inconsistencies exist between these models. For instance,
Middleton’s model described a causal link from a) interest to achievement, utility, and selfefficacy, b) utility to self-efficacy, and c) self-efficacy to identity. Eccles’ model, on the other
hand, posits a) self-concept of one’s ability influences expectations of success and interest, value,
and cost and b) a bidirectional link between expectations of success and interest, value, and cost.
Middleton admitted that “the relatively small amount of variance accounted for by [his] model in
predicting mathematics achievement indicates that other, unresearched intervening variables
must be acting on the system” (Middleton, 2013, p. 77). With this statement in mind, the present
study design returned to the theory that inspired Middleton’s work, namely Eccles et al.’s model
(1983), and revised Middleton’s model where theoretically and/or empirically appropriate. Since
the present study utilized the same nationally representative sample of high school students as
Middleton (2013), some descriptive comparisons can be made.
When comparing Middleton’s model to the model in the present study, several key points
can be made. First, the proportion of variance explained in Engagement (i.e. Middleton’s Effort)
almost doubled. Second, many of the direct effects across the two models are relatively similar;
however, the proportion of variance explained in math performance nearly tripled. In light of the
results of the present study, researchers should use caution when relying on the model proposed
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by Middleton, especially when attending to the impact of students’ math efficacy on engagement
and math identity on math performance.
In terms of the multigroup structural equation modeling results, significant differences
were found in terms of how 1) math self-efficacy influences math identity and 2) math interest
impacts math utility across Black, White, and Hispanic students.
To the first point, although self-efficacy has been shown to directly impact students’
academic identity (Bong & Skaalvik, 2003; Eccles, 2005), Hispanic students’ direct effect scores
were significantly lower than those of Black and White students. These findings were not
surprising given that many authors (e.g., Wigfield, Tonks, & Eccles, 2004; Usher & Pajares,
2008; Schunk, 2016) state that efficacy beliefs differ across cultures and likely as “a function of
their cultural, ethnic, educational, and socioeconomic backgrounds” (Usher & Pajares, 2008, p.
788). Similar to the results in the present study, Stevens, Olivarez, and Hammans’ (2006) found
that although the influence of math efficacy on math performance did not differ for Hispanic and
White students (i.e., a positive link to performance for both groups), Hispanic students reported
significantly lower levels of self-efficacy than White students. The present study also provides
support for Graham’s (1994) landmark review of research on African American students’
motivation in which she found little support for the claim that African American students’
perceptions of competence were lower than those of White students.
Regarding the impact of math interest on math utility, previous research supports the
notion that interest can lead to task value (Wigfield & Eccles, 2002; Middleton, 2013). It is
important to note that much of the previous research on academic interest has focused on the
influence of interest on task value (for a review, Harackiewicz & Hullman, 2010; Hidi &
Renninger, 2006). As such, research in this area, especially when considering cross-cultural
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studies, is sparse. Ryan and Deci’s (2016) Self-Determination Theory (SDT), however, provides
support for the present multigroup findings. SDT proposes that one form of the external valuing
of a task, integrated regulation or the “valuing the behaviors for what they yield”, takes place
when “people not only identify with the value of a behavior but also bring it into harmony with
other core interests” (p. 102). The harmonizing of internal interest and external value discussed
here suggests that an individual forms an understanding of the value of a task as a result of its
relationship to one’s interests, thus suggesting interest leads to value. As described by
Expectancy-Value Theory (Wigfield, Tonks, & Klauda, 2016), one’s interest and values are
developed, maintained, and adapted by several factors, including culture and ethnicity.
The present study showed that the impact of math interest on math value functions
somewhat differently for White, Black, and Hispanic students. These results might be a function
of the level of interest in math. For example, in Safavian and Conley’s (2016) study of
Expectancy-Value Theory, the authors found that Hispanic students reported significantly less
interest in math than non-Hispanic students. Similar results were seen in Anderson and Ward’s
(2013) study of STEM interest and persistence and high-ability White, Black, and Hispanic
adolescent students, where White students reported significantly greater science interest than
Black and Hispanic students. Given that White students appear to be more interested in certain
academic endeavors than Black and Hispanic students, the results from the present student are
not surprising. Although empirical support exists for the findings from the multigroup analysis,
tenets of Social Cognitive Theory and the Bioecological Model of Human Development also
provide potential explanations for these results.
According to Social Cognitive Theory and the Bioecological Model of Human
Development, the individual and the environmental interact to influence one’s beliefs, goals, and
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actions (Bandura, 1986; Bronfenbrenner & Morris, 2006). Both theories postulate that cultural
norms play a vital role in the development and maintenance of beliefs, values, and norms.
Specifically, as discussed by Bandura (1986), much of one’s learning takes place through
observation, also known as modeling. Individuals select models based upon characteristics of the
model that are appealing such as expertise, prestige, and similarities to the observer. Given that
interests, beliefs, and so forth are cultivated by cultural norms and these norms vary across social
and ethnic groups, a model that might be attractive to a Hispanic adolescent may be unappealing
as model for a Black adolescent. These differences in interests and beliefs across cultures are
likely explained by the Bioecological Model of Human Development (Bronfenbrenner & Morris,
2006), where individuals are influenced by nested systems such as immediate family members,
the community, extended family, and the resources available in one’s life. As seen within these
theories, the models available to the nested systems that surround an individual can have a
profound impact on their beliefs and actions. Evidence of this can be found when observing
environmental factors such as access to equality in academic resources (Reardon, 2016) or the
lack of diverse role models in STEM fields (Hines, 2003; Soldner, Rowan-Kenyon, Inkelas,
Garvey, & Robbins, 2012) and the relationship among these factors and academic performance,
retention, drop-out rates, and pursuit of STEM related careers for minority students. Perhaps the
differences found in the present study across White, Black, and Hispanic students in terms of
how math interest influences math utility and math self-efficacy impacts math identity are a
function of cultural norms that are passed down to Hispanic and Black students. If there are a
lack of models or resources available to nurture interest and efficacy in math, then this could
account for these results. Although Social Cognitive Theory and the Bioecological Model of
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Human Development provide potential explanations for the multigroup results in the present
study, for all the unique insights gleaned, many more questions remain.
Limitations and Future Directions
As educators continue to seek methods to reduce the achievement gap across White,
Black, and Hispanic students and increase the enrollment of minority students in STEM fields,
all stakeholders must be aware of the potential differences in how motivation may operate for
White, Black, and Hispanic students. The present study provides a unique revision to Eccles et
al.’s and Middleton’s models of motivation, as well as insights into potential motivational
differences among these ethnic groups. However, there are limitations to the present study. In the
following section, these limitations and future directions will be discussed.
In the present study, Middleton’s (2013) model was used as the foundation for the design
of the current study model. Middleton proposed that math interest can predict math utility value.
However, much of the work in the area of interest suggests that these concepts have an inverse
relationship, with increased value leading to greater interest (Harackiewicz & Hullman, 2010;
Hidi & Renninger, 2006; Hidi & Harackiewicz, 2000). Although Middleton’s model and the
current study provide empirical evidence to challenge these findings, more research is required to
substantiate this relationship. Furthermore, future studies with a diverse sample of ethnic groups
are crucial in order to determine if the multigroup analysis results can be replicated, thus
providing a rationale for academic interest interventions for Black and Hispanic students.
Another limitation to the present study is the simplicity of the model. The ExpectancyValue Theory model highlights the importance of gender, social role systems, socioeconomic
status, and stereotypes. As described in Social Cognitive Theory and the Bioecological Model of
Human Development, gender roles, social norms, and perceptions of stereotypes (Steele &
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Aronson, 1995; Spencer, Steele, & Quinn, 1999) play a pivotal role in academic choices and
outcomes, especially for underrepresented minority groups, yet these factors are not addressed in
the present model. Given the influence of these constructs on academic motivation and
performance, the present model could benefit from an exploration of the relationship among
motivational variables, engagement, and math performance and stereotype threat and ethnicidentity. For example, in a meta-analytic review of ethnic-racial identity Miller-Cotto and Byrnes
(2016) found positive ethnic-racial affect was associated with higher academic achievement for
African American participants. Similar findings were discussed in Rivas-Drake et al.’s (2014)
meta-analysis of ethnic-racial identity with positive ethnic-racial affect positively related to
academic achievement, academic/school attitudes, social functioning, self-esteem, and wellbeing. Clearly, many factors known to influence the motivation and performance of minority
students are missing from the present model. As the model is expanded and refined to include
factors as diverse as the students who are educated in the United States, perhaps a richer picture
of the academic motivation canvas will be expressed and used to intervene and eradicate the
achievement gaps that have plagued the country for decades.
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